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Abstract: The ongoing highly contagious coronavirus disease 2019 (COVID-19) pandemic, which
started in Wuhan, China, in December 2019, has now become a global public health problem.
Using publicly available data from the COVID-19 data repository of Our World in Data, we aimed
to investigate the influences of spatial socio-economic vulnerabilities and neighbourliness on the
COVID-19 burden in African countries. We analyzed the first wave (January-September 2020) and
second wave (October 2020 to May 2021) of the COVID-19 pandemic using spatial statistics regression
models. As of 31 May 2021, there was a total of 4,748,948 confirmed COVID-19 cases, with an average,
median, and range per country of 101,041, 26,963, and 2191 to 1,665,617, respectively. We found that
COVID-19 prevalence in an Africa country was highly dependent on those of neighbouring Africa
countries as well as its economic wealth, transparency, and proportion of the population aged 65 or
older (p-value < 0.05). Our finding regarding the high COVID-19 burden in countries with better
transparency and higher economic wealth is surprising and counterintuitive. We believe this is a
reflection on the differences in COVID-19 testing capacity, which is mostly higher in more developed
countries, or data modification by less transparent governments. Country-wide integrated COVID
suppression strategies such as limiting human mobility from more urbanized to less urbanized
countries, as well as an understanding of a county’s social-economic characteristics, could prepare a
country to promptly and effectively respond to future outbreaks of highly contagious viral infections
such as COVID-19.

Keywords: coronavirus (COVID-19) pandemic; country-level disparities; spatial regression analysis;
Sub-Saharan Africa

1. Introduction

The coronavirus disease 2019 (COVID-19), which is caused by a novel beta-coronavirus
named severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), was first reported in
the city of Wuhan, Hubei province, China [1-3]. It has now spread to all countries and con-
tinents and has become the worst and most devasting pandemic in recent times [4,5]. The
pandemic has resulted in disastrous and dramatic adverse effects on all human populations
worldwide. There is growing empirical evidence suggesting T substantial inter-country
variations in the levels of COVID-19 risk and impacts due to varied economies, health
systems, social strengths, and vulnerabilities, [6-8].

As of 31 May 2021, the number of confirmed cases and deaths in Africa and glob-
ally had risen to more than 4.8 million and 130,000, corresponding to case fatality rate
(CRF) = 2.70%; and 170.3 million, 3.7 million, and CRF = 2.15%, respectively. Globally, the
five countries with the highest COVID-19 burden as of 31 May, 2021 were the United States
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of America (USA) with 33,554,274 cases, 602,092 deaths, and CRF = deaths 1.7%; India
with 29,935,211, 388,138 and CRF = 1.3%,; Brazil with 17,966,831, 502,586, and CRF = 2.8%;
France with 6,168,251, 110,940, and CRF = 1.8%; and Russia with 5,272,328, 127,641, and
CRF = 2.4%. Regarding the African continent, the first case was recorded in Egypt on
14 February 2020, with the first cases related to travelers returning from hotspots in Asia,
Europe, and the USA. As of 31 May 2021, Africa accounted only for 2.8% and 3.5%
of the global COVID-19 infections and deaths, respectively authors analysis of online
COVID-19 data [9].

In Africa, the pandemic is exerting great strain on the already fragile economies,
health systems, and education systems of all countries affected. Initially confined to
major urban areas, the disease is now widespread on the continent. With the continent’s
large populations living in high levels of poverty and crowded informal urban settings,
coupled with its fragile health systems, there were global fears that the continent would
be particularly devasted by the COVID-19 pandemic [10-13]. However, the COVID-19
pandemic is affecting the African countries differently due to varied economic wealth,
health care systems, and governance, which are conditions identified in prior studies to be
significant in explaining COVID-19 is spread [14-16].

To support evidence-informed policy responses to COVID-19, epidemiological mod-
elling approaches based on both deterministic and stochastic including growth models
such as the logistic [17-20], or the susceptible-infectious-recovered (SIR) mathematical
models [19,21] have been used in several countries including Kuwait, China, South Korea,
Iran, South Africa, India, and Italy. The models have been applied to estimate short-term
prediction of cumulation sizes, spread and transmission processes, and other parameters
of the COVID-19 pandemic. The findings could have enabled policymakers to implement
suppression measures against the pandemic and to assess their impact on the existing
measures. Others use deterministic and mathematical models, and several studies have
investigated factors associated with the spread and burden of COVID-19 at ecological
levels. For example, these studies have found that highly connected and urbanized areas
coincide with a higher COVID-19 burden, compared to their more rural and less connected
counterparts [22-24]. Socio-demographic and health care resources [22-25]; environmental
factors such as temperatures and air pollution concentration [26]; and migrations from
high to low COVID-19 risk areas [27,28] have been shown to associated with COVID-19
burden. The wealthiness of a country or region impacts its COVID-19 testing capacity and,
consequently, the number of confirmed and reported COVID-19 cases by the country or
region [29].

Several vulnerabilities are available to measure a country’s capacity to detect and
respond to epidemic emergencies (for example, the State Party Self-Assessment Annual
Reporting (SPAR), which covers topics such as legislation, international health regulations
(IHR), coordination, communication, and points of entry). Also, one can use indicators for
the Infectious Disease Vulnerability Index (IDVI), which covers topics on demographic,
environmental, socioeconomic, and political conditions [10-12]. Several of these COVID-19
vulnerabilities exhibit inter-country variations, which may impact the resulting COVID-19
burden and intervention measures.

Using publicly available COVID-19 data, this study sought to examine the spatial
relationship between COVID-19 vulnerabilities and the prevalence of COVID-19 at the
country-level in the African continent. There are similar studies that have used correlation
and regression methods to examine the association between socioeconomic factors and the
number of confirmed COVID-19 cases. For example, Cambaza and Viegas [29] studied the
correlations between GDP per capita, the number of tests, and the number of confirmed
cases of COVID-19 in 13 African countries. Lin et al. [27] used data on the number of
COVID-19 cases in the 39 well-developed cities of China and modelled the effects of several
socioeconomic indicators. These studies did not account for possible for spatial dependency
in the COVID-19 prevalence. However, to understand the impact of neighbouring and
the purported influencing factors on COVID-19 prevalence in African countries, spatial
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statistics analyses could be useful [16]. In other parts of the world, the spatial analysis
results have used to assess the impact of neighbouring as well as social-economic factors
on the COVID-19 epidemic [22-25]. These studies analyzed COVID-19 in a specific period.
However, regions or countries that may be most vulnerable at later periods may not have
been the most affected from the outset [14]. Thus, the effects of some factors on the number
of confirmed COVID-19 cases could be period-dependent.

Accordingly, our study was set out to understand how neighbouring countries, as well
as socio-economic vulnerabilities, impact COVID-19 prevalence rates of Africa countries
using spatial models. We considered two waves of the COVID-19 pandemic, namely from
January 2020 to September 2020 (covering the first wave) and from October 2020 to May
2021 (covering the second wave). As Fatima et al. [16] stated, most studies using spatial
statistics analyses on COVID-19 have primarily been carried out in China, Brazil, and
the USA. To the best of our knowledge, this is the first study to examine how spatial
socio-economic vulnerabilities and neighbourliness impact COVID-19 in African countries.
An understanding of factors that are influential in explaining country-wide variation in the
COVID-19 pandemic in the countries will improve their preparedness to respond against
future pandemics. Learning from past infectious pandemics had prepared most of the
southeastern Asian countries well. Despite being resource-constrained and having weak
health care systems, most of the Southeast Asian countries have unexpectedly attained low
COVID-19 infections, partly due to the experience from previous epidemics such as severe
acute respiratory syndrome (SARS) and influenza A virus (N1H1) [30,31].

2. Methods
2.1. Data Sources

Our study covered all sovereign countries of the mainland African continent, except
Tanzania whose COVID-19 data were not regularly updated (Somaliland and Western
Sahara are disputed areas). Thus, our coverage involved 47 countries. The country-
level COVID-19 cases in Africa for the period from February 2020 to May 2021 were
extracted from the COVID-19 data repository at Our World (https://ourworldindata.org/
coronavirus, accessed on 15 June 2021). We modelled the log of the number of confirmed
COVID-19 per 100,000 population in three periods, namely January-September 2020; from
October 2020 to May 2021; and the entire period from January 2020 to May 2021. Six country-
level COVID-19 vulnerabilities, namely health system; international exposure (travel, trade,
tourism or business); population density; age (>65 years); government transparency; press
freedom; and GDP per capita were used in the spatial modelling. These were based on
indicators for State Party Self-Assessment Annual Reporting (SPAR), which covers topics
such as legislation, international health regulations (IHR), coordination, communication,
points of entry, and infectious disease vulnerability index (IDVI), which covers topics
regarding demographic, environmental, socioeconomic, and political conditions [10-12].
Several of these COVID-19 vulnerabilities exhibit inter-country variations, which may
impact the resulting COVID-19 burden and intervention measures. These factors measure
a country’s capacity to detect and respond to epidemic emergencies, and they exhibit inter-
country variations, which may impact the resulting COVID-19 burden and intervention
measures. We also included the number of days since the first confirmed case of COVID-19
for each country. Population density and GDP were taken as continuous while the rest
were scaled from 1 to 5, with 5 being the greatest level of COVID-19 vulnerability.

2.2. Spatial Regression Models

Anselin [32] and LeSage [33] describe three linear spatial regression models, namely
spatial lag, spatial error, and spatial autoregressive condition (SAC) models that one could
use to model spatially dependent data. These three were used fit for the regression model
of the period COVID-19 prevalence data in our study. We suppose that for each of the
countries (N = 47), we observe the (logged) COVID-19 prevalence Y;. Also, for each
country, thereis a1 x Q vector X;;(j = 1,2, ..., Q) of COVID-19 vulnerabilities, and they
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are associated with a Q x 1 vector § of regression parameters. For the spatial lag, also
known as the spatial autoregressive (SAR), model, two more parameters are introduced;
oneis a N x N spatial weight matrix, W, which quantifies the connection between the
countries; and the other parameter is a scale, p which measures the strength of spatial
dependence in the (logged) COVID-19 prevalence. Now if we let Y be a N x 1 vector of
logged COVID-19 prevalence data from all the countries, and X be a N x Q matrix of
observations of all the countries’ vulnerabilities. Under the normality assumption on Y,
the SAR model is then written as,

Y = pWY + XB+¢ )

where ¢ ~ MVN(0,02Iyxy). Thus, the SAR model adds a spatially averaged vector
as a covariate, reflecting the COVID-19 data from the neighbouring countries to aid in
explaining the variation in the prevalence between the countries. The SAR model in (Equa-
tion (1)) could also be written as (Iyxn —pW)Y = XB+eor Y = (Iyxn —pW) 'XB +
(Inxn — pW) 'e. An alternative to the SAR model would be to allow for spatial depen-
dency in the residuals e. The alternative model, known as the spatial error lag model, is
written as

Y=XB+v 2)

where v is given by
v=AWyv+e¢ 3)

A more general spatial regression model, which combines the SAR and spatial error
lag models to contain spatial dependency in both logged prevalence and the residuals,
is the spatial autoregressive condition (SAC) model [33]. We fitted all the three spatial
regression models, namely SAR, spatial error lag, and SAC to the country-level of COVID-
19 period-specific prevalence. A first-order Queen spatial weight matrix, which defines two
countries as neighbours when they share a common boundary, was adopted. The results
of the spatial regression models were compared to those obtained by fitting an ordinary
least squares (OLS) Regression, which would assume that the country-level COVID-19
prevalence rates are independent of each other. The spatial regression analyses were
performed in the R package “spdep” developed by Bivand et al. [34].

3. Results

Table 1 presents the overall descriptive statistics for the number of cumulative con-
firmed COVID-19 cases per 100,000 population as of 31 May 2021 as well as selected
ecological predictors across the 47 included countries in this study. The average number
of days since the first confirmed case in a county was 440.4, with a minimum of 383 days
and a maximum of 479 days. As of 31 May 2021, there was a total of 4,748,948 confirmed
COVID-19 cases in Africa, with an average, median and range per country of 101,041,
26,963, and 2191 to 1,665,617, respectively. Regarding the confirmed number of COVID-19
related deaths, 2750 were reported per country on average, with a range of 6 to 56,506,
which translated into a COVID case fatality rate mean of 2.4. The country average percent-
age of the population over 65 years old was 3.7. Table 2 shows some of the most and least
affected countries in Africa. South Africa was the worst-hit African country at the time of
this study, with more than 1.5 million cases and 52,000 deaths (CRF = 3.46%), followed by
North African countries such Morocco (500,000 cases, 8700 deaths, CFR = 1.74%); Tunisia
(245,000, 8500, CRF = 3.47%); Egypt (194,000, 11,500, CFR = 5.93%), and Algeria (116,000,
3057, CFR = 2.64%). Burundi (2613, 6, CFR = 0.23%) and Liberia (2042, 85, CFR = 4.16%)
were some of the least-hit in Africa.
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Table 1. Summary statistics of COVID-19 burden and variables as of 31 May 2021 across 47 African countries.

COVID-19 Burdern Indicator Mean SD Median Minimum Maximum
Number of days since 1st case 440.4 13.7 441 383 479
Confirmed number of cases 101,041 254,776 26,963 2191 1,665,617
Confirmed number of cases/100,000 543.8 799.4 211.3 223 2923.1
Confirmed number of cases/100,000 * 2.4 0.6 2.3 1.3 3.5
Confirmed number of deaths 2750 8577 517 6 56,506
CFR 22 1.5 1.7 0.13 7.4
COVID-19 vulnerability indicator
Age 65 or older (%) 3.7 1.7 3.1 2.2 10.9
Extreme poverty (%) 34.1 23.6 36.8 0.5 77.6
GDP per capita 5443.8 68 6182.7 2705.4 26,382.3
CFR, case fatality rate; GDP, gross domestic product; SD, standard deviation; * logged.
Table 2. The burden of Covid-19 in selected African countries as of 31 May 2021.
Country Confirmed Cases (No.) Confirmed Deaths (No.) CFR (%)
Most affected
South Africa 1,665,617 56,506 3.39
Morocco 519,216 9147 1.76
Tunisia 345,474 12,654 3.66
Ethiopia 271,541 4165 1.53
Egypt 262,650 15,096 5.75
Least affected
Burundi 4790 6 0.13
Eritrea 4094 14 0.34
Liberia 2191 86 3.93

The transmission and removal rates of the “rise-fall” of the COVID-19 pandemic
trajectories are presented in Figure 1 (for daily numbers of newly infected) and Figure 2
(cumulative confirmed cases) for some countries in Africa, as of 31 May 2021. The trajecto-
ries revealed marked differences between the countries, with Kenya having three waves of
rise-fall waves of the pandemic while the other five had only two waves. Figure 2 shows
that South Africa and Egypt had experienced most of the earlier COVID-19 cases and the
two most increases, firstly in the initial phase February to June 2020 and from December
2020 to January 2021.

Figure 3 shows the spatial distribution of confirmed and logged COVID-19 prevalence
by period. Countries in the northernmost part of Africa experienced higher burden. The
estimates of spatial autocorrelations measured through the global Moran’s I for confirmed
and logged COVID-19 prevalence rates were 0.139, 0.334, and 0.339 and 0.252, 0.431, and
0.4 in waves 1, 2 and over the total period, respectively. The positive values of the global
Moran’s I suggest that the COVID-19 prevalence in one Africa country may have been
related to those in neighbouring countries, especially in wave two. Concerning, COVID-
19 vulnerability, countries that showed a higher proportion of older populations and
international exposure were the ones that also had higher COVID-19 caseloads. On the
other hand, countries that are poorer and less transparent seemed to have lower COVID-19
prevalence (Figure 4).
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Figure 3. Spatial distributions of confirmed and logged Covid-19 cases per 100,000 people by period, as of 31 May 2021.
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Figure 4. Spatial distribution of the six COVID-19 vulnerabilities as of 31 May 2021.

Firstly, we fitted an ordinary least squares (OLS) regression model to the COVID-19
period prevalence rates and tested the resulting residuals if they were spatially correlated.
The OLS residuals in waves one and two had global Moran’s I values of 0.047 and 0.0142
and were non-significant. We, however, further investigated the possibility of spatial
lag and spatial error models in the OLS residuals using the Lagrange Multiplier (L-M)
test statistics [35]. Both forms of the L-M test were not significant in wave one for either
model. Also, there were non-significant L-M test results for the spatial error model in
wave two. But, both L-M test forms were significant for the spatial lag model in wave
two (p-value < 0.05). Thus, a spatial lag model could be preferred for the analysis of
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COVID-19 prevalence in African countries. Using the Akaike information criterion (AIC),
the models that considered the COVID-19 prevalence of neighbouring countries were better
fitting models in wave two and for the entire period. The significance of the spatial lag
shows that a country’s COVID-19 prevalence was also highly dependent on the COVID-
19 of the neighbouring countries. The OLS model was at least better than the spatial
models in wave 1 (the initial stage) when COVID-19 cases were only reported in very few
countries. Thus, in wave one, COVID-19 cases between countries were very much spatially
independent, favoring the OLS model. It was only in wave two, when COVID-19 had a
greater geographical diffusion between countries, necessitating the fitting of spatial lag or
spatial error models.

Our study included 47 countries and 6 predictors. Thus, we were concerned with
the possible multicollinearity between the predictors; the presence of multicollinearity
could have affected the stability of the estimates of regression coefficients. A higher degree
of multicollinearity can result in the standard errors for the coefficients getting inflated.
Only one pair (GDP per capita and International exposure) had Spearman’s correlation
coefficients greater than 0.6. The variance inflation factor (VIF) ranged from 1.34 to 2.16,
with an average of 1.62, which are far less than 10. Thus, our model results were not
affected by any possible multicollinearity.

The results from fitting the OLS and three spatial regression models are summarized in
Tables 3-5. Countries with relatively high proportions of older populations were associated
with a high incidence of confirmed COVID-19 cases while those with lower levels of GDP
per capita and poor transparency were associated with reduced COVID-19 burden across
all models and waves. An inadequate public health system was only important in the
second period where it was related to a reduced incidence of COVID-19 cases.

Table 3. Ordinary least squares (OLS), spatial autoregressive (SAR), spatial error lag, and spatial autoregressive combined
(SAC) models for period prevalence (logged): January 2020-September 2020.

COVID-19 Vulnerability OLS Model SAR Model Spatial Error Model SAC Model
Estimate SE Estimate SE Estimate SE Estimate SE
Constant 1.57 2.72 0.67 3.05 —0.28 2.49 —0.47 2.85
Weal Public Health 0.06 0.16 0.08 0.15 0.11 0.14 0.13 0.14
System
High International ~0.03 0.15 ~0.04 0.14 ~0.07 0.13 ~0.08 0.13
Exposure
Age 65 or older 0.30 0.12* 0.30 0.11* 0.30 0.11* 0.31 0.12*
Population Density —0.0008 0.002 —0.005 0.002 0.00008 0.002 —0.0001 0.002
Low Transparency -0.25 0.12* -0.25 0.11*% —-0.24 0.11 —0.24 0.11*%
Low GDP Capita —0.0001  0.00003 * —0.0001  0.00003*  —0.0001  0.00003 * —0.0001  0.00003 *
Number of days 0.010 0.01 0.01 0.01 0.02 0.01 0.02 0.01
Spatial lag parameter 0.084 —0.097
Spatial error parameter 0.207 0.337
AIC 136.99 138.75 138.5 140.42

SE, Standard Error; GDP, Gross Domestic Product; AIC, Akaike’s Information Criterion; * p < 0.05.
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Table 4. Ordinary least squares (OLS), spatial autoregressive (SAR), spatial error lag, and spatial autoregressive combined
(SAC) models for period prevalence (logged: October 2020-May 2021.

COVID-19 Vulnerability OLS Model SAR Model Spatial Error Model SAC Model
Estimate SE Estimate SE Estimate SE Estimate SE
Constant 11.38 5.19 4.67 5.10 10.81 4.74 5.22 4.28
Weal Public Health —0.30 0.15 * ~0.19 0.13 —0.28 0.13* —0.24 0.11 *
System
High International 0.04 0.13 0.0005 0.03 0.04 0.12 0.008 0.11
Exposure
Age 65 or older 0.15 0.11 0.14 0.10 0.15 0.10 0.12 0.08
Population Density —0.001 0.002 —0.003 0.001 —0.001 0.001 —0.002 0.001
Low Transparency —0.26 0.11* -0.25 0.09* —0.26 0.10* -0.19 0.08 *
Low GDP Per Capita —0.0001 0.00003 * 0.00009 0.00003 * —0.0001 0.00003 * 0.00008 0.00002 *
Number of days —0.01 0.01 —0.002 0.01 —0.01 0.01 —0.005 0.009
Spatial lag parameter 0.342 * 0.535 *
Spatial error parameter 0.041 —0.564 *
AIC 129.25 126.05 131.22 123.42

SE, Standard Error; GDP, Gross Domestic Product; AIC, Akaike’s Information Criterion; * p < 0.05.

Table 5. Ordinary least squares (OLS), spatial autoregressive (SAR), spatial error lag, and spatial autoregressive combined
(SAC) models for period prevalence (logged): January 2020 to May 2021.

COVID-19 Vulnerability OLS Model SAR Model Spatial Error Model SAC Model
Estimate SE Estimate SE Estimate SE Estimate SE
Constant 8.83 4.85 3.17 5.11 8.56 4.42 5.22 4.29
Weak Public Health —0.20 0.14 —0.11 0.12 ~0.19 0.12 ~0.18 0.11
System
High International 0.002 0.13 0.03 0.11 —0.0003 0.12 —0.006 0.11
Exposure
Age 65 or older 0.20 0.11 0.18 0.09 0.20 0.10* 0.17 0.08 *
Population Density —0.001 0.001 —0.002 0.001 —0.001 0.001 —0.0004 0.001
Low Transparency —0.26 0.11* —0.25 0.09 * —0.26 0.09 —0.21 0.08
Low GDP Per Capita —0.001 0.00003 * —0.0001 0.00003 * —0.0001 0.00003*  —0.00008  0.00002 *
Number of days —0.007 0.01 0.002 0.01 —0.006 0.010* —0.004 0.009 *
Spatial lag parameter 0.282 0.448 *
Spatial error parameter 0.0171 —0.505
AIC 122.89 121.4 124.89 120.46

SE, Standard Error; GDP, Gross Domestic Product; AIC, Akaike’s Information Criterion; * p < 0.05.

Figure Al in Appendix A show local measures of spatial association of the residuals
after fitting the OLS and spatial lag models. For the OLS model, three countries belong
to high-high (hot-spot) clusters, having high residuals with similar neighbours and four
other countries belong to high-low spatial outliers, having a high value of a residual in
the country and with neighbouring countries having low values. The residuals from both
models exhibit several low-low spatial clusters where the low value of the residual in a
country is associated with neighbouring countries having low value too.

The finding of a negative association between government transparency and the
COVID-19 prevalence could be interrogated by comparing the number of deaths in a
country before and during COVID-19. However, the challenge for this additional analysis
was that most countries in Africa do not record and report annual deaths. Of the 18 out
of 54 countries in Africa that record and report annual deaths, only 4 have levels of death
registration coverage and cause of death information that meet international standards [36].
Only two countries (Egypt and Tunisia) had reported total deaths from all causes in
2020-2021. So, we analyzed excess mortality data from 73 countries, most of which were
non-African, for 2020-2021 (data available at https:/ /github.com/dkobak/excess-mortality
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as described in Karlinsky and Kobak [37], accessed on 20 September 2021). We also
analyzed reported total death for 2019 and 2020 that we extracted from Our World in
Data (https://ourworldindata.org, accessed on 20 September 2021). Rather than use
transparency in this additional analysis, we used the Democracy Index as measured by the
Economist Intelligence Unit (EIU). The Index summarizes ratings on 60 indicators (covering
electoral processes and pluralism, civil liberties, the functioning of government, political
participation, and political culture) and ranges from 0 to 10, with high values indicative of
a high level of democracy [38]. The scatter plots are shown in Figure A2, in Appendix A
where both excess death and per cent change (before and after the COVID-19 period) are
negatively associated with the democracy score. The correlation between democracy and
percentage change in deaths was —0.2581 and excess deaths was —0.3895 (p-value < 0.05).

4. Discussion

The use of spatial regression models offered insights into why some Africa countries
have high or low levels of COVID-19 prevalence. The study found that there was a great
level of variability between the countries in Africa concerning COVID-19 prevalence as well
as COVID-19 vulnerabilities. GDP per capita, government transparency and the proportion
of the population aged 65 years or older were positively associated with the prevalence
of COVID-19. Additionally, we found that the COVID-19 prevalence of a country to be
highly dependent on those of other neighbouring African countries. The identification of
the three influential vulnerabilities affecting the spread of the COVID-19 in the African
continent would greatly support efforts aimed at containing the spread of the COVID-19
epidemic. We could not find any other significant associations between COVID-19 and the
other vulnerabilities.

Our study findings are consistent with previous research results that found the preva-
lence of COVID-19 to be positively correlated with wealthiness, transparency and the
proportion of the elderly population [22-25,39,40]. This finding that countries with higher
transparency and wealthiness levels are the ones with higher COVID-19 prevalence is
surprising and counterintuitive. A possible explanation could be that richer countries can
afford to perform more COVID-19 tests, which has a direct positive impact on the number
of confirmed cases reported; indeed, this was the conclusion by Cambaza and Viegas [29].
Another explanation is that rich countries tend to be more democratic, and thus more
open to more trade and travel, which accelerates the importation as well as the spread of
COVID-19 across borders [41], or that they are more transparent in most spheres including
data dissemination, which may limit possible data manipulation [38,40]. Yet another ex-
planation is that, paradoxically, richer countries have relatively larger proportions of their
population aged 65 years or more, who are more vulnerable to COVID-19 infections [40].

On the other hand, poorer countries are mostly undemocratic, giving them an ad-
vantage in dealing with the COVID-19 pandemic since they can forcedly enforce non-
pharmaceutical interventions over their populations [38,40]. It could also be that the low
COVID-19 prevalence numbers that have been seen in countries with less economic wealth
and worse transparency were due to underreporting of the true number of cases due to
their insufficient testing capacity. Our further analysis showed that excess deaths during
the COVID-19 period were higher in countries with worse democracies (these are generally
poorer and less transparent), which may imply that low COVID-19 numbers could be mis-
reporting. The countries could also have been discouraging their people from testing and
hiding the reported cases. Prior experience with infectious diseases outbreaks could have
facilitated timely and aggressive response in implementing crucial suppressing COVID-19
measures [30,31].

The findings presented in this paper are subject to some limitations. We acknowledge
that we could have accounted for the other influencing COVID-19 factors including me-
teorological variables [41], other socio-economic and health systems variables [24] and
population migration and mobility [22,41]. Indeed, the residual maps of spatial error
models point to the possibility of ecological predictors that were not controlled for. Since
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the data used here are based on observations of country-level COVID-19, causality could
not be established between predictors and COVID-19 prevalence. The issue of data quality
and underreporting of COVID-19 cases could have affected the findings of the associations.
Also, the period analyzed here was when COVID-19 vaccinations were not even started
in the African continent. Additionally, most governments in Africa had adopted similar
preventive and treatment methods. We plan to use the rates of COVID-19 vaccinations and
interventions adopted, as these could have changed in recent times.

We are also aware that our results are based on using a country as an administrative
division to provide evidence at the country level of planning. Different spatial patterns
and interpretations and associations could result if a different aggregation unit could be
used. This is a problem of the modifiable areal unit problem (MAUP) in spatial analyses.
For example, Wang and Di [26] found that the association between COVID-19 mortality
and nitrogen dioxide depended on the aggregated level used, which indicated the presence
of MAUP. Thus, we could have assessed and minimize this problem by analysing the data
at a lower level (say, regions of the countries) but we were limited by the available data.
Changing boundaries of countries to assess changes to the overall spatial patterns and
associations was also beyond the scope of the paper.

5. Conclusions

This paper employed a series of spatial regression models to assess the impact of
neighbouring and socio-economic vulnerability factors on the incidence of COVID-19 in
Africa countries. COVID-19 prevalence of the neighbouring countries as well the country’s
wealthiness, transparency, and proportion of the population aged 65 or older were found
to be influential predictors in explaining disparities in COVID-19 prevalence in African
countries. The apparent disadvantage regarding COVID-19 cases among richer and more
transparent countries could point to the differences in COVID-19 testing capacity and
disease reporting integrities. Even so, our findings will provide countries with evidence
to support their responses and interventions to containing the spread of future outbreaks
of highly contagious viral infections such as COVID-19. The dependency of a country’s
COVID-19 prevalence on those of other neighbouring African countries could reinforce the
need for more collaborative COVID-19 non-pharmaceutical interventions and vaccines in
reducing the transmission of COVID-19.
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Appendix A
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Figure A1. Geographic pattern for residuals of OLS and spatial lag models by period as of 31 May 2021.
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